This study investigates the spatial-temporal trends and variability of rainfall within East and South Africa (ESA) region. The newly available Climate Hazards group Infrared Precipitation with Stations (CHIRPS-v2) gridded data spanning 37 years (1981 to 2017) was validated against gauge observations (N = 4243) and utilised to map zones experiencing significant monotonic rainfall trends. Standardised annual rainfall anomalies revealed the spatial-temporal distribution of below and above normal rains that are associated with droughts and floods respectively. Results showed that CHIRPS-v2 data had a satisfactory skill to estimate monthly rainfall with Kling-Gupta efficiency (KGE = 0.68 and a high temporal agreement (r = 0.73) while also preserving total amount (β = 0.99) and variability (γ = 0.8). Two contiguous zones with significant increase in annual rainfall (3-15 mm year −1 ) occurred in Southwest Zambia and in Northern Lake Victoria Basin between Kenya and Uganda. The most significant decrease in annual rainfall (− 20 mm year −1 ) was recorded at Mount Kilimanjaro in Tanzania. Other significant decreases in annual rainfall ranging between − 4 and − 10 mm year −1 were observed in Southwest Tanzania, Central-South Kenya, Central Uganda and Western Rwanda. CHIRPS-v2 rainfall product provides reliable high spatial resolution information on amount of rainfall that can complement sparse rain gauge network in rain-fed agricultural systems in ESA region. The observed spatial-temporal trends and variability in rainfall are important basis for guiding targeting of appropriate adaptive measures across multiple sectors.
Introduction
There is an increasing body of evidence supporting that climate change and variability have significant impact on ecosystem health (Bartzke et al. 2018 ) and agricultural production (Craparo et al. 2015; Niles et al. 2015; Lobell et al. 2011) . Future projections in the East and Southern Africa (ESA) region points to wetter climate (Otte et al. 2017; IPCC 2014) although erratic rainfall patterns and frequent extreme events such as droughts and floods are common (Nicholson 2016; Guan et al. 2014) . Over 70% of livelihoods in ESA region depends on rain-fed agriculture, therefore highly vulnerable to climate change and variability (Ochieng et al. 2017) . Therefore, understanding the spatial and temporal patterns of climate change and variability is a key step towards designing and targeting appropriate adaptation strategies.
Climatic extremes with adverse effects on crops and ecosystems include droughts, flooding, hail storms, heat waves and frost or their combinations. Increased frequency of climatic extremes has significant effect on structure, functions, land use patterns and livelihoods in agroecosystems (Adhikari et al. 2015) . Rainfall is the most important limiting factor in rain-fed farming systems in Africa (Niles et al. 2015) since it determines availability of soil moisture required for potential productivity. The amount and distribution of rainfall determines suitability of crop varieties and related agronomic management at different locations (Muthoni et al. 2017 ). Low or sub-optimal rainfall cause agricultural drought that retard plant growth and reduced yields (Zampieri et al. 2017; Zipper et al. 2016) while extremely high rainfall events cause floods that destroy crops. However, impacts of climatic extremes vary in importance over space and time depending on different farming systems, agro-ecologies and ability of farmers to adapt (Niles et al. 2015) . Climate change is projected to reduce as much as 40% of maize yields in East Africa by the end of twenty-first Century (Adhikari et al. 2015) . Moreover, changes in rainfall regime accentuate proliferation of new crop pests and diseases (Kumar et al. 2014) .
Previous studies on rainfall trends in ESA region largely used gauge station data, e.g. in Kenya (Odongo et al. 2015) , in Tanzania (Otte et al. 2017) , in Zambia (Goenster et al. 2015; Kampata et al. 2008) and Uganda (Onyutha 2016a; Kizza et al. 2009 ). The above studies aimed at understanding rainfall trends at catchments or basin scale although agricultural policies are increasingly focusing on mega-environments that cuts across several countries. Moreover, gauge stations are sparsely distributed in rural Africa, despite the high variability in topography and other biophysical environments (Toté et al. 2015) . The sparse distribution is confounded with temporally incomplete records that introduce uncertainties when gauged data is used for designing early warning and decision support tools. Recent progress has demonstrated that synergistic blending of data from gauge stations and remote sensing satellites can reliably present the spatial-temporal distribution of rainfall over extensive areas (Maidment et al. 2017; Dembélé and Zwart 2016; Trejo et al. 2016; Funk et al. 2015; Toté et al. 2015; Asadullah et al. 2008; Dinku et al. 2007 ). The repetitive and near global coverage of remote sensing platform compliments the gauge data by providing more intuitive spatial-temporal patterns of rainfall to improve decision support applications such as drought monitoring and early warning systems Toté et al. 2015) .
This study utilises Climate Hazards group Infrared Precipitation with Stations version two (CHIRPS-v2) data to analyse long-term trends and variability of rainfall in ESA region. The trend analyses identify zones experiencing significant increasing or decreasing rainfall trends. This information is helpful in quantifying the magnitude of risks posed by climate change and variability to guide prioritisation of scarce resources by directing appropriate measures to most vulnerable zones. The study hypothesise that understanding past trends in climate can inform future trajectories to support decisions on spatial targeting of appropriate adaptive measures. We posit that CHIRPS-v2 rainfall estimates offer a reliable dataset for monitoring spatial-temporal trends and variability of rainfall over regions with low density of ground observation stations in Africa.
Material and methods

Study area
The study area is approximately 2.73 million km 2 occurring in seven countries within ESA region (Fig. 1) . Rainfall in Northern Tanzania, Burundi, Rwanda, Kenya and Uganda shows a bimodal rainfall pattern. The long rainy season occurs in March, April and May (MAM) and the short rainy season in October, November and December (OND). Rains in Malawi, Zambia and Central-Southern Tanzania, are largely unimodal starting in October and ending in April but exhibit high spatial-temporal variability. Variability in rainfall is mainly determined by northsouth movement of the Intertropical Convergence Zone (ITCZ) (Diem et al. 2014 ) and changes in sea surface temperatures, especially in the tropical pacific (Maidment et al. 2015) , El-Niño Southern Oscillation (ENSO); though relief features like Mount Kilimanjaro and inland large water bodies play a role in small-scale variations in rainfall. Droughts are frequent with occurrence of at least once in a 5-year cycle (Nicholson 2016 ).
Gauge and satellite rainfall data
The last few decades has witnessed considerable increase of satellite-derived rainfall products with reasonable high spatial Fig. 1 The study area covering 7 countries in Eastern and Southern Africa (ESA) region and location of available rain gauge data used for evaluating CHIRPS-v2 data Long-term spatial-temporal trends and variability of rainfall over Eastern and Southern Africaand temporal resolution. Characteristics of some of freely available hybrid gridded rainfall products are summarised in Table 1 . The input data for algorithms that estimate hybrid satellite rainfall products is obtained from (1) thermal infrared (TIR) sensors only (e.g. Arkin and Meisner 1987) ; (2) passive microwave (PMW) sensors only (e.g. Kummerow et al. 2001) and (3) TIR and/or PMW sensors and/or gauge stations observations and/or model-based climatologies (e.g. Funk et al. 2015; Huffman et al. 2007; Xie and Arkin 1997) . Incorporating multiple sensors data in algorithms for estimating rainfall reduce the inherent sampling errors of satellite estimates (Toté et al. 2015) . Rainfall products estimated using hybrid algorithms (e.g. CHIRPSv2) perform better especially on areas with complex meteorological patterns such as high elevations and coast lines (Kimani et al. 2017; Toté et al. 2015) .
This study used gridded Climate Hazards group Infrared Precipitation with Stations version two (CHIRPS-v2) with 5.5 km spatial resolution . CHIRPS-v2 uses Tropical Rainfall Measuring Mission Multi-satellite Precipitation Analysis version 7 (TMPA-3B42-v7) to calibrate global Cold Cloud Duration (CCD) rainfall estimates. It uses interpolation of gauge station data and satellite-derived precipitation estimates to provide a global rainfall product with fairly low latency, high resolution, low bias and long period of record. We used monthly and annual time series data for the last 37 years . Lakes and large waterbodies were masked out from CHIRPS-v2 grids to analyse rainfall over land mass only.
Statistical analysis
Validation of satellite and gauge data
Rainfall records were obtained from 65 gauge stations for validating CHIRPS-v2 rainfall estimates. Gauge records were obtained from different sources including Kenya meteorological department, individual farmers, agricultural research stations and the global historical climatology network (GHCN; Menne et al. 2012) database. The available gauge stations records were compared with the list of stations that were used in generating CHIRPS-v2 product per month from 1981 to 2016 . To ensure independent evaluation, only stations located more than ten kilometres radius from those initially used for generating CHIRPS-v2 were selected. Only 16 independent stations that had good quality data were utilised for evaluation (Online Resource 1(a)). Daily gauge records were aggregated to monthly totals resulting to n = 4243 valid records after excluding data for months with any missing daily observation. Following (ZambranoBigiarini et al. 2017) , the agreement between monthly CHIRPS-v2 and gauge station data was evaluated using modified Kling-Gupta efficiency (KGE) (Kling et al. 2012; Gupta et al. 2009 ) and decomposition of its three individual elements, i.e. Pearson product-moment correlation coefficient (r), bias (β), and variability (γ). This goodness of fit statistics was derived using BHydroGOFR package (Zambrano-Bigiarini 2018). KGE was selected based on general principle in hydrological applications that require rainfall estimates to be able to reproduce temporal dynamics (measured by r) while also preserving the volume (measured by β) and distribution of rainfall (measured by γ) (Zambrano-Bigiarini et al. 2017) . The best value of KGE, r, β and γ is 1.0. KGE varies from minus infinity to one with the values closer to 1 indicating that the estimated values more accurately mimic the observed values. The r measures the linear correlation between time series of observed gauge data and satellite rainfall estimates. The β measures the average tendency of the satellite values to be larger (β > 1, overestimation) or smaller (β < 1, underestimation) than gauge data. The γ shows whether the dispersion of satellite estimates is higher or lower compared to observations. The γ was derived using modified KGE that ensure bias and variability are not cross-correlated (Kling et al. 2012 ).
Precipitation trend analysis
The analysis was conducted in R for statistical computing (R Core Team 2018) mainly using the following packages: raster (Hijmans 2015) , modifiedmk (Patakamuri 2018) and BiodiversityR (Kindt and Coe 2005) . Long-term means (LTM) for annual and monthly CHIRPS-v2 rainfall were generated and plotted to visualise regional spatial-temporal patterns. The difference between total rainfall for each year and the LTM was divided by standard deviation to derive the annual rainfall anomalies. The anomalies indicate the departure from LTM with negative values representing periods of below normal rains (droughts) while positive values reveal above normal rains (flood risk). Spatial temporal variation was derived by calculating coefficient of variation (CV) for monthly and annual time series using raster package. This allowed detection of seasonality of monthly and annual rainfall time series.
Hydro-meteorological time series data are characterised by substantial departure from normality. For such data, the nonparametric methods are preferred for detecting monotonic trends because they have higher power than parametric methods (e.g. t test). Non-parametric methods for detecting direction of monotonic trends in time series data include the Mann-Kendall (MK; Kendall 1975; Mann 1945 ), Spearman's Rho (SMR; Spearman 1904 ) and cumulative rank difference (CRD; Onyutha 2016b) tests. MK test considers ranks of the observations rather than their actual values and therefore it is less affected by the actual distribution of the data and is less sensitive to outliers (Yue et al. 2002a ). CRD uses a concept Long-term spatial-temporal trends and variability of rainfall over Eastern and Southern Africasimilar to Hurst rescaling (Hurst 1951) to analogously rescale the time series non-parametrically by calculating the difference between the exceedance and non-exceedance counts of data points (Onyutha 2016b) . Cumulative sum of differences is used to separate sub-trends over unknown periods of increase or decrease in a time series. SMR is another nonparametric test that is used to detect whether correlation is present between two ranks in a time series data. A siginificant trend is detected if there is significant correlation between consequent time steps and the ranks of the observed time series data. The null hypothesis for the three tests statisticis is that there is no monotonic trend in a given time series data. In this study, MK was selected, although the three nonparametric tests are largely identical in their performance as demonstrated by Yue et al. (2002a) for MK and SMR, and Onyutha (2016b) for MK and CRD. MK was preferred because it is more frequently used for analysing trends in hydrometerological time series datasets compared to the other two methods (Yue et al. 2002a ) and diverse forms of the algorithm are incorporated in many R packages. MK tests assume that the time series data are independent and randomly ordered (Hamed and Rao 1998) . Existence of serial autocorrelation and ties in time series data influence the magnitude of test statistic variance (Onyutha 2016c; Yue et al. 2002b) . Positive autocorrelation inflates sampling variance of test statistic thus increasing probability of detecting trends when in reality none exists (type 1 error). Before conducting trend analysis, the significance of autocorrelation coefficients for monthly and annual time series data was tested at 5% significant level. Data was considered auto-correlated if autocorrelation coefficient value exceeds the upper and lower bounds of the confidence interval. Diagnostic tests revealed marginal presence of serial dependence for annual and monthly time series (Online resource 1 b-c). In this study, the effect of serial dependence was taken into account by fitting a modified Mann-Kendall (MMK) procedure proposed by Hamed and Rao (1998) . This procedure corrects the variance of test statistic if significant autocorrelation is detected in the first three lags. Variance correction was achieved using 'mmkh3lag' function in 'modifiedmk' R package (Patakamuri 2018) . The magnitude or slope of the trend was quantified using the TheilSen method (Sen 1968; Theil 1950) . The significant of trends and Theil-Sen slopes was evaluated at nominal significance level of p < 0.1.
Results
Validation of CHIRPS-v2 rainfall estimates
CHIRPS-v2 rainfall showed high skill to estimate gauge observations in the ESA region (KGE = 0.68). CHIRPSv2 data also had high temporal agreement (r = 0.73) while also preserving total amount (β = 0.99) and variability (γ = 0.8) compared to gauge observations. Scatterplot of two datasets revealed that CHIRPS-v2 rainfall over-estimated low-intensity rainfall below 100 mm and under-estimated high-intensity rainfall above 100 mm compared to gauge data (Fig. 2). 3.2 Long-term spatial-temporal variability in rainfall LTM rainfall for 37 years in the ESA region ranged between 50 and 2400 mm (Fig. 3) . The highest annual rainfall values were recorded around mountain peaks such as, Mt. Kilimanjaro, in Tanzania, Mt. Elgon in Uganda and Mt. Kenya, and Aberdare Ranges in Kenya that recorded values above 1700 mm. The driest regions receiving less than 265 mm annual rainfall occurred in Northern Kenya.
The annual rainfall anomalies (Fig. 4) revealed that ESA region received above normal rainfall in 1982, 1989, 1997 and 2006 , with the latter being the most severe. Significant large areas of ESA region experienced differing magnitude of drought during all the other years. Widespread droughts (below normal rainfall) was experienced in 1983, 1984, 1987, 1992, 1993, 1995, 1996, 1999, 2000, 2001, 2003 and 2005 across the ESA region. Long-term monthly rainfall series revealed that except in Uganda and western Kenya, June to September are dry seasons with rainfall less than 34 mm (Fig. 5) .
Inter-annual variability was highest in North-Eastern Kenya (CV = 55%; Fig. 6 ) coinciding with the lowest LTM Fig. 2 Comparison of CHIRPS-v2 against observed gauge data. The solid line indicates 1:1 relationship rainfall (< 265 mm). A belt along Western Uganda, Rwanda, Burundi, Tanzania and Northwest Zambia had less than 10% CV in annual rainfall. In contrast, monthly rainfall was characterised by high inter-annual variability up-to 180% with January to March (JFM) rains in Kenya being the most variable 60-180% Fig. 7) . Monthly rainfall in Rwanda and Burundi appeared relatively stable (CV < 50%) compared to other countries, except for JJA (CV > 60%).
Long-term monotonic trends for rainfall
Results revealed variable spatial-temporal trends in annual and monthly rainfall with significant decrease or increase observed in different zones. Theil-Sen's slope for annual rainfall is presented in Fig. 8a , while Fig. 8b shows locations where it was significant (p < 0.1). Generally, annual rainfall in Zambia revealed an increasing trajectory compared to a decreasing trajectory in the other 6 countries though in most instances the trend was not significant (Fig. 8) . Annual rainfall in Zambia showed an increasing trend except for a small section in Northern Province that revealed low magnitude (− 0.1 to − 4 mm year −1 ) significant decrease (Fig. 8b) . The increasing annual rainfall in Zambia (0-16 mm year ). The second largest contiguous zone with a trend of significantly increasing annual rainfall (0-16 mm year −1 ) occurred in Northern Lake Victoria Basin in a transboundary region between Western Kenya and Eastern Uganda (Fig. 8b) . Moreover, an increase ). Similarly, the monthly rainfall showed varied spatiotemporal trends. Figure 9 shows the monthly rainfall trends and Fig. 10 shows locations where the slopes were significant (p < 0.1). South-west Zambia experienced a significant increasing rainfall from November to January and March but was most pronounced in December (Fig. 10) . Northern Lake Victoria Basin recorded increasing rainfall trends during the short rainy season that usually occurs between September and November with a more pronounced increase in October. November rainfall increased The most pronounced decrease in monthly rainfall (− 0.9 to 3.6 mm year ) in April rains in Central, Southern and Northern Kenya occurred largely in the same counties where annual rainfall declined (Fig. 10) . The decrease in annual rains in Central-west Uganda (Fig. 8) was majorly due to declines of rainfall experienced during the OND months (Fig. 10 ). There were also significant declines (− 1.8 to − 2.7 mm year −1 ) in December rains observed in parts of Mzuzu in Northern region of Malawi.
Discussions
Validation of CHIRPS-V2 with gauge rainfall
Validation results revealed that CHIRPS-v2 data has high skill to estimate gauge observations in ESA region (KGE = 0.68). It also showed high temporal agreement (r = 0.73) while also preserving total amount (β = 0.99) and variability (γ = 0.8) compared to gauge observations. Recent studies have reported similar high agreement in East Africa region (Dinku et al. 2018) , in Ethiopia (Ayehu et al. 2017) , in Chile (ZambranoBigiarini et al. 2017) , in Venezuela (Trejo et al. 2016 ) and in Colombia . Dinku et al. (2018) reported high temporal correlation (r > 0.83) and low bias (− 4 to 13%) after evaluating performance of CHIRPS-v2 over six eastern Africa countries using 1200 independent gauge stations. However, CHIRPS-v2 over-estimate rainfall below 100 mm and underestimate rainfall above 100 mm, as reported in recent studies (Trejo et al. 2016; Funk et al. 2015; Toté et al. 2015) . The validation exercise revealed that CHIRPS-v2 rainfall data estimated gauge observations with high skill. This demonstrates the potential of application of the dataset for spatial-temporal monitoring of rainfall trends and variability in rural Africa to complement existing sparse gauge network. Such applications are expected to improve agro-advisories and spatial targeting of climate smart agricultural (CSA) technologies. Satellite rainfall estimates cannot totally replace but rather complement gauge observations since reliable records of the latter is used to calibrate the former. Therefore establishment of more gauge stations is still needed considering the prevailing low density of gauge network despite complex topographical landscape.
Long-term spatial-temporal variability in rainfall
The highest variability in annual and monthly rainfall was observed in the most arid area in North-eastern Kenya with maximum CV reaching 55% (Fig. 6) and 180% (Fig. 7) respectively. The high variability in monthly rainfall compared to annual rainfall implies that in most instances the total annual rainfall remained relatively stable but the intra-year seasonality is highly heterogeneous. The high inter-annual variability signifies increased instances of extreme events such as droughts in the last four decades in the ESA region (Guan et al. 2014 ). This has serious implications on agricultural production considering that success or failure of crops is more dependent on temporal distribution rather than total amount of rainfall during the growing season (Ngetich et al. 2014) .
Annual rainfall anomalies revealed above normal rainfall occurred across the region in 1997 and 2006 that is attributed to El Nino effect (Siderius et al. 2018) . Severe droughts were recorded in West Kenya (1984 ), South East Tanzania (2003 and 2005 and Northern Uganda (2009). The periodic droughts not only increase yield losses (Adhikari et al. 2015) but also hinder adoption of CSA technologies (Niles et al. 2015) .
Long-term monotonic trends in rainfall
Two contiguous zones with significant increase in annual rainfall (0.1 to 15 mm year −1 ) were identified in Southern Zambia and in the northern part of the Lake Victoria Basin in Western Kenya and Eastern Uganda (Fig. 8b) . This is in agreement with Maidment et al. (2015) who observed a similar increasing rainfall trend in Southern Zambia (0.04 mm day −1 year ) using CHIRPS-v1 data from 1983 to 2008 that were resampled to much coarser 2.5 degrees grids (~275 km at equator). Maidment et al. (2015) further reported that the increasing annual rainfall in Southern Africa was driven mainly by more DJF rains that are attributed to sea surface temperature patterns, particularly the Pacific Walker Circulation. Similarly, our results show that the significant increase in annual rainfall in Southern Zambia is largely driven by more December rains.
Several studies also reported significant increase in rainfall in Lake Victoria Basin across Kenya and Uganda. For example, Kizza et al. (2009) ) in South-east Uganda within Lake Victoria Basin. However, our results show that the significant increases in annual rainfall within Lake Victoria Basin (Fig. 8b) was largely driven by significant increases in the September and October rain (Fig. 10 ). This concurs with Kizza et al. (2009) that reported significant trends for short rains (OND) compared to long rains (MAM) in the same Basin. The significant decrease in annual and OND rainfall in central West Uganda agrees with a study by Diem et al. (2014) that reported significant decrease in June to December rains in the same region.
They observed that the decline extended further westward towards the Congo Forest and is mainly driven by Atlantic multidecadal oscillation (AMO) during boreal summer and autumn.
The observed highest decline around Mt. Kilimanjaro (20 mm year −1 ) is much higher than − 1.35 to 7.26 mm year −1 decline reported for the period 1973 to 2013 in the southern slopes of the mountain (Otte et al. 2017) . But that study covered limited altitudinal range (750-1430 m a.s.l.) and attributed the decline to El Nino Southern Oscillation (ENSO) and Indian Ocean dipole (IOD). Our study observed a large significant decline in April and May rains in Central to South and Northern Kenya which is corroborated by Williams and Funk (2011) who observed similar magnitude of decline in the same area. The authors attributed this drying trend to the westward extension of warm air (Walker Circulation) primarily driven by increased warming of the sea surface temperature over the Indian Ocean. The observed significant decline in long season (MAM) rainfall in Kenya and Uganda contradicts the general projections of increasing rainfall in East Africa (Otte et al. 2017; IPCC 2014) .
Significance and potential applications of results
Analysing both inter-annual and intra-annual trends in rainfall offer intuitive information on dynamics of soil moisture in rain-fed systems because an area might have the same total annual rainfall but have contrasting spatial-temporal differences in seasonality (Guan et al. 2014 ). Analysis of multidecadal climatic trends is required for developing robust climate adaptation strategies (Recha et al. 2016) . Traditionally, climatic trends are deciphered from stationary gauge stations that have low density and significant data gaps in ESA region. Therefore the per pixel analysis of rainfall trends in this study compliments or compensates for sparse rain gauges to improve agro-advisory services in ESA region. Moreover, the approach undertaken in this paper to analyse rainfall trends and variability in a transboundary ecosystem is expected to promote harmonisation of climate change adaptation and resilience policies across the ESA region.
Information presented in this paper provide spatial evidence to support agronomic and crop breeding programs to setup empirical experiments aimed at developing cultivars and management practices adapted to climatic trends in each pixel. Crop breeders could target zones that exhibit significant increase or decrease in rainfall to set up multi-locational trials for developing cultivars adapted to specific climatic regimes. Similarly, agronomists would be interested in setting up of trials for testing genotype*environment*management outcomes to develop recommendation domains for CSA practices. Maps on spatial-temporal variations and trends of monthly and annual rainfall generated in this study would be key inputs in spatially explicit models (e.g. Muthoni et al. 2017; Rubiano et al. 2016 ) that generate specific recommendation domains for specific basket of technologies based on crop trials in diverse rainfall regimes.
Limitations of the study
The skill of the satellite rainfall estimates over the study region exhibit high spatial variability due to influence of climate, topography and seasonal rainfall patterns (Dinku et al. 2018; Kimani et al. 2017) . Other uncertainties may arise from temporal sampling, error in algorithms and satellite instruments themselves (Ayehu et al. 2017 ). Similar to other hybrid rainfall products, CHIRPS-v2 has inherent systematic biases emanating partly from low density and decreasing rate of reporting from existing stations over time in Africa that lead to insufficient representation of rainfall variability (Dinku et al. 2018; Kimani et al. 2018) . These systematic biases decrease as the time step of rainfall estimates are aggregated from daily to annual timescale (Kimani et al. 2018; Dembélé and Zwart 2016) . The accuracy of rainfall estimates is reduced by orographic processes at high elevations and frontal systems along the coastlines and around inland water bodies (Dinku et al. 2018; Kimani et al. 2018) . In East Africa, several hybrid satellite rainfall products under-estimate rains at elevation below 2500 m (m) above sea level (a.s.l.) and tend to over-estimate above that elevation threshold due to orographic processes (Kimani et al. 2017) . CHIRPS-v2 data over-estimate long season rains (MAM) over mountainous regions in East Africa, that is attributed to increased rainfall amounts emanating from deep convective systems (Kimani et al. 2017) . Some algorithms for estimating gridded rainfall products uses coarse resolution TIR data, for example, CHIRPS-v2 uses TRMM data with 0.25 o to produce dataset at 0.05 o resolution (Table 1) , this can explain its tendency to over-predict lowintensity rainfall since averaging over larger areas increases frequency of rainfall events (Toté et al. 2015) . Algorithms based on TIR sensors have poor detections at fine spatial and temporal resolutions although they perform better when aggregated to coarser resolutions.
Different algorithms are designed to monitor certain aspects of rainfall variability, for example TAMSAT algorithms are optimised for drought monitoring and therefore it accurately capture more frequent low rainfall but under-estimate high magnitude and total rainfall (Toté et al. 2015) . However recent evaluation studies (Dinku et al. 2018; Ayehu et al. 2017; Kimani et al. 2017; Toté et al. 2015) have demonstrated that CHIRPS-v2 product has higher skills to estimate many aspects of rainfall variability compared to TAMSAT-v2/3 and ARC-v2 that were developed specifically for monitoring rainfall in Africa continent. Moreover, there are recent advances towards developing more robust methods for correcting systematic biases in satellite rainfall estimates such as Bayesian bias correction (Kimani et al. 2018) .
Conclusions
This study analysed the spatial and temporal variability and monotonic trends in rainfall in seven countries in the ESA region. The validation of CHIRPS-v2 satellite rainfall estimates revealed high skill for estimating gauge observations in ESA region (KGE = 0.68). It also showed high temporal agreement (r = 0.72) while also preserving total amount (β = 0.99) and variability (γ = 0.8) compared to gauge observations. CHIRPS-v2 rainfall estimate provides reliable spatially explicit information on amount and variability of rainfall to complement sparse rain gauge network in ESA region. Both annual and monthly rainfall was highly variable in North-eastern Kenya and most stable in Western Uganda. Annual rainfall anomalies revealed spatial-temporal distributions of droughts and above normal rains that are associated with floods. Two contiguous zones with significant increase in annual were identified in Southwestern Zambia and in the northern part of the Lake Victoria Basin between Western Kenya and Eastern Uganda. Information generated in this paper could be used to inform targeting of appropriate adaptive measures across multiple sectors and ecosystems.
